ABSTRACT: In this paper we examine the relationship between obesity and the characteristics of metropolitan counties where individuals reside. Previous empirical analyses have treated urban form as exogenous to weight status. These studies find higher body mass indices (BMI) for residents of areas with development patterns associated with urban sprawl (e.g., low residential densities, poor street connectivity). The main purpose of this paper is to test whether BMI is a factor that explains the location decisions of individuals. We estimate a two-equation system with BMI and the latent variable determining the choice of a high or low sprawl county as endogenous variables. Our results support the hypothesis that BMI is a factor in determining the attributes of an individual's residential location. In particular, individuals with greater BMI have a higher probability of living in high sprawl counties. In contrast, we find limited evidence that living in a sprawling county increases BMI. Our results suggest that the association between sprawl and obesity reported in earlier studies is due largely to self-selection rather than to impacts of the urban environment on physical activity and weight.
INTRODUCTION
This paper examines the relationship between patterns of urban land development and obesity. In the United States, obesity has risen at an epidemic rate during the past 20 years Ogden et al., 2002; Hedley et al., 2004) . According to data from [1999] [2000] [2001] [2002] , approximately 65% of adults in the United States are overweight or obese, 1 compared to 47% between 1976 and 1980. The increases in the prevalence of overweight and obesity cut across all racial, gender and ethnic groups. Two issues have attracted much attention from researchers. First, what explains the rise in obesity rates in the U.S.? Recent economic studies (Lakdawalla and Philipson, 2002; Cutler, Glaeser, and Shapiro, 2003; Chou, Grossman, and Saffer, 2004) point to factors such as reductions in food prices and job-related exercise, increases in work hours, and the prevalence of fast-food restaurants. A second question is, what explains differences in obesity rates across groups of individuals? Previous studies have shown that obesity rates vary by factors such as income, education, race, age, sex, smoking habits, and diet Freedman et al., 2002; Wellman and Friedberg, 2002; Reidpath et al., 2002) . Recently, urban planning and public health researchers have suggested that development patterns associated with urban sprawl may be related to higher rates of obesity in the U.S. population (e.g., Killingsworth and Lamming, 2001; Torres et al., 2001; Frumkin, 2002; Jackson and Kocktitzky, 2002; Frank, Engelke, and Schmid, 2003; Jackson, 2003; Killingsworth, Earp, and Moore, 2003) .
There are several strands to the argument linking obesity with urban sprawl. First, poor connectivity in street networks and low-density and single-use development increase trip distances. This reduces physical activity by making walking and bicycling impractical and unsafe. Second, low-density development reduces the viability of public transportation; hence, people must commute to and from work by automobile, which can lead to traffic congestion and the diversion of time from activities such as 1 Overweight and obesity are measured using the body mass index (BMI), computed as weight in kilograms divided by height in meters squared. Individuals with BMI between 25 and 30 are classified as overweight and individuals with BMI in excess of 30 are classified as obese.
exercising. Third, modern suburban developments do not adequately provide facilities such as parks that permit and encourage physical activity. The result is that people drive more, exercise less, and gain weight.
The most compelling evidence on the link between sprawl and obesity is found in studies by Ewing et al. (2003) , Frank, Andresen, and Schmid (2004), and Lopez (2004) status, and diet. 2 Lopez constructs a metropolitan area index based on population density and estimates the effects of the sprawl index and a similar set of individual-level variables on the probability that individuals are obese. In both studies, the sprawl index is found to be significantly related to BMI. In particular, residents of counties or metropolitan areas with higher sprawl indices have systematically higher BMI and greater probability of being obese. 3 Frank, Andresen, and Schmid study the likelihood of obesity in a sample of Atlanta residents, employing an individual-specific sprawl measure. Street connectivity and land-use mix are measured in a 1-kilometer buffer surrounding each respondent's residence. They find that residents of mixed-use neighborhoods tend to be less obese.
An important assumption in the urban planning/public health literature on sprawl and obesity is that urban form is exogenous to an individual's weight. 4 In particular, it is assumed that when land use patterns produce low levels of physical activity, individuals have a greater tendency to become obese.
The urban planning/public health model considers how an individual is affected by the pattern of land use where they reside, but does not account for the individual's choice of residence. If weight affects an individual's choice of the type of neighborhood to reside in, then urban form is not exogenous to weight.
The implication for earlier studies is that sprawl indices are endogenous regressors and, therefore, the coefficient estimates reported in these studies are biased and inconsistent. A second implication is that policies designed to reduce obesity through modifications of urban form-e.g., high density housing, provision of sidewalks and parks-may have limited effects if low-weight individuals sort into areas that provide opportunities for exercise. As discussed below, a number of recent government and private initiatives use urban planning approaches to promote higher levels of physical activity.
Why might weight affect residential location? In section 2, we present a simple model in which an individual maximizes utility defined over weight, attributes of their residential location, and a composite good. Weight is determined by a function that depends on initial weight, locational attributes, and the composite good. Because an individual selects their location (in order to choose the corresponding attributes) and because utility depends on weight, the optimal choice of locational attributes is a function of the individual's initial weight. Thus, weight is a factor explaining the sorting of individuals into different types of locations.
A more complete theory of weight and urban land use is developed by Plantinga and Bernell (2005) . These authors analyze an urban spatial model in which households maximize utility defined over housing, weight, and food subject to a fixed time budget allocated to commuting, calorie expenditure, and work. In spatial market equilibrium, the housing market adjusts to equalize utility levels across the city.
Unit housing prices decline with distance to the central business district to compensate residents for commuting costs and house sizes may increase to compensate residents for locations that produce weight gain. The weight of residents and housing densities at each location are simultaneously determined. The
model is used to demonstrate that residents with greater aversion to weight gain will sort into higherdensity locations closer to the central business district.
In this paper, we conduct an empirical analysis to determine whether weight affects the types of locations selected by individuals. Section 3 discusses the data used in the study. Our main data source is the National Longitudinal Survey of Youth 1979 (NLSY79), which tracks a nationally representative sample of individuals who were ages 14 to 22 years in 1979. We use data from the NLSY79 for the year 2000 to measure BMI, individual attributes such as income and education, and county of residence. We use the sprawl index developed by McCann and Ewing (2003) to categorize counties as having either a high or low degree of sprawl.
Section 4 presents the empirical approach. Our econometric model is a two-equation system with BMI and the latent variable determining residence in a high or low sprawl county as endogenous variables. To investigate the dynamic relationship between sprawl and weight, the model is estimated with separate samples of individuals who moved recently and who have remained in the same county for a specified number of years. Results are presented in section 5 and a final section discusses conclusions and directions for future work.
THEORETICAL BACKGROUND AND EMPIRICAL APPROACH
We present a model of an individual who influences their weight through residential location and consumption of other goods. To simplify the analysis, we separate the choice of residential location from the decision about whether or not to change locations, and focus on the residential choice problem the individual faces once the decision to move has been made. We assume that weight (W) depends on initial weight, attributes of a location such as compactness and walkability, and other consumption goods:
where 0 W is initial weight (e.g., weight at the start of the period when consumption choices are made), 1 2 n (N , N ,..., N ) = N is a vector of locational attributes, and C is a composite numeraire good that may include food and exercise equipment. An individual chooses a location and the quantity of the composite good to maximize utility defined over weight, locational attributes, and other goods:
where p is a conformable vector of implicit prices for locational attributes 5 and I is income.
Substituting for C in the utility function and denoting the multiplier on the weight constraint by λ , the Lagrangian function is written, 
Equations (4), (5), and (6) are combined to yield, The results in (7) and (8) have important implications for the empirical analysis that follows.
First, an individual's weight is shown to depend on the attributes of their neighborhood, the relationship identified in the earlier urban planning/public health literature. However, the attributes of the location are also a function of initial weight. This dependence emerges because an individual selects their location and because their utility is a function of weight. Thus, we expect a simultaneous relationship between weight and locational attributes. 6 Second, we expect the contemporaneous relationship between weight and locational attributes to vary by individuals who have moved recently (movers) and those who have 5 As in the hedonic housing price literature, we assume that individuals can select any combination of residential attributes, each of which is priced implicitly. Thus, in selecting a location the individual chooses a bundle of housing characteristics. 6 In this formulation, locational attributes depend on initial weight rather than on realized weight (W * ). Plantinga and Bernell (2005) model the market for developed land in which locational characteristics can adjust to satisfy the demands of households. In this case, realized weight and development densities are determined simultaneously. been in the same location for a period of time (non-movers). The effects of locational attributes on weight clearly take some time to materialize. For example, if walkability has a negative influence on weight, an individual does not lose weight the moment he or she moves to a walkable location. Rather, an individual may need to live at this location for a period of years before these effects are apparent. In general, we expect the contemporaneous effect of locational attributes on weight to be weaker for movers than non-movers. It is uncertain, a priori, whether the effects of weight on location choice will differ between movers and non-movers. According to (7), movers can optimally select locational attributes conditional on their current weight. Likewise, non-movers may effectively select their optimal attributes by remaining in the same location. In this case, we would expect a strong contemporaneous effect of weight on locational attributes for movers and non-movers. However, if the costs of moving are prohibitively high for some individuals, then their locational attributes may become suboptimal over time.
If so, we would find a weaker sorting effect among non-movers.
In the urban planning/public health literature, the typical approach is to estimate a version of (8).
Specifically, BMI is regressed on an index of locational attributes, such as a county sprawl index in Ewing et al. (2003) , and individual characteristics. The individual characteristics proxy for other factors-diet, smoking, other forms of physical activity-that may influence weight. In this study, we will also account for the influence of weight in determining residential location, as shown in (7). We estimate a simultaneous equations model with contemporaneous BMI and locational attributes as the endogenous variables 7 and individual characteristics as the exogenous variables. We estimate separate models with samples of movers and non-movers to test for different relationships between weight and sprawl for these groups and to shed light on the dynamics of this relationship-for example, do individuals have to reside in a location for a period of time before locational attributes affect their weight?
DATA DESCRIPTION
The National Longitudinal Survey of Youth 1979 (NLSY79) is the primary data source for this analysis. The NLSY79 is conducted by the U.S. Department of Labor, currently on a biennial basis.
Respondents are a nationally representative sample of 12,686 men and women who ranged in age from 14 to 22 years when first surveyed in 1979. We use data from the NLSY79 for the year 2000, when the respondents were from age 35 to 43 years. The variables include weight, height, race, sex, smoking status, income, number of children, marital status, age, and educational attainment. The weight data in the NLSY79 is self-reported. Because heavier individuals are believed to systematically underreport their weight, we use the weight correction procedure developed by Cawley (1999) to adjust the data. 8 Height data were last collected in 1985 when respondents were ages 20 to 28. We assume that heights did not change over the intervening years. The adjusted weight and height data are used to compute the BMI for each respondent (denoted ADJBMI).
The NLSY79 uses 26 race categories, which we combined into four exhaustive categories: black, hispanic, asian, and white (non-black, non-hispanic, and non-asian). Dummy variables (DBLACK, DHISPANIC, DASIAN, AND DWHITE) are created for each of these categories. DSEX, DSMOKE, and DMARRIED are dummy variables that takes the value 1 if, respectively, the respondent is male, smokes daily, and is married, and 0 otherwise. INCOME is defined as net family income in 2000. The data on number of children are used to created dummy variables for no children (DCHILD0), one child (DCHILD1), two children (DCHILD2), and three or more children (DCHILD3). AGE is defined as the age of the respondent in 2000 and AGESQ is the square of this variable. Educational status is measured by dummy variables for attainment less than high school (EDUC1), high school (EDUC2), and some college or more (EDUC3). The NLSY79 database reports the state that each respondent resides in. Using 8 The adjustments were developed through a comparison of self-reported and measured weights of individuals and vary according to sex and race (white and non-white). We thank Darius Lakdawalla for providing us with the adjustment factors.
standard regional designations, we construct dummy variables for the Western (WEST), North Central (NCENTRAL), Northeast (NEAST), Southeast (SEAST), and South Central (SCENTRAL) regions.
We also applied to the Department of Labor to obtain confidential data on the county of residence. 9 These data allow us to match the residence of respondents in 2000 to a sprawl index discussed below. As well, we use data on the county of residence in earlier years to distinguish between recent movers and non-movers. A respondent is defined as a mover if there was a change in their county of residence during a specified period prior to 2000. Non-movers are those respondents whose county of residence did not change over this time. We vary to length of the period (from 2 to 10 years in increments of 2 years) to produce different subsamples of movers and non-movers.
Urban form was measured using the county sprawl index developed by McCann and Ewing (2003) . The authors use principal components analysis to combine four county measures of population density (persons per square mile, % of population living at densities below 1,500 persons per square mile, % of population living at densities above 12,500 persons per square mile, county population divided by square miles of urban land) and two county measures of street block size (average block size, % of blocks 1/100 of a square mile or less in size). Most of the data used to construct the sprawl index is from the 2000 Census of Population, the same year as the individual-level data extracted from the NLSY79. The sprawl index is developed for 448 metropolitan counties. The scores range from 63 for the county with the most sprawl (Geauga) to 352 for the county with the least (New York City). Unfortunately, the sprawl index is available only for a single year, which limits our ability to fully exploit the longitudinal structure of the NLSY79. We denote the index by SPRAWL. For reasons discussed in the next section, we make use of a binary variable that differentiates between low and high sprawl counties: DENSE takes the value 1 if SPRAWL ≥ 120 and 0 if SPRAWL<120.
Our final sample includes 3,867 respondents to the NLSY79 who reside in counties for which the sprawl index was measured 10 and for whom we have complete observations of the variables defined above. Summary statistics for our sample are reported in Table 1 . The mean adjusted BMI is 28.1 and approximately 30% of the sample are obese (BMI greater than 30). The respondents are predominately white (52%), followed by black (29%), hispanic (19%), and a negligible share of asians. One-half of the respondents are male, 23% smoke, and 55% are married. The average age of respondents is 39 years and the mean family income is approximately $60,000. Similar shares of the sample have no children (18%) or one child (21%) and similar shares have two children (33%) or three or more children (28%). A large majority of the sample has a high school diploma (41%) or at least some college (50%). Only 9% of the sample has educational attainment less than high school. The largest shares of the sample reside in the North Central and Western regions (each 23%), followed by the Northeast (22%), Southeast (16%), and South Central regions (7%). Approximately 11% of the sample moved at least once in the previous two years (i.e., between 1998 and 2000) . Using the alternative definitions of movers, we find that 19%, 27%, 36%, and 40% of the sample moved in the past 4, 6, 8, and 10 years, respectively.
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Figure 1 depicts the distribution for the sprawl index. Specifically, it shows the number of counties represented in the sample with a sprawl index value in a given range. The distribution is skewed slightly to the right with a rough bell shape for values below 130 and some high-valued outliers. The mean of the distribution is 100 and the median is 97. To define the variable DENSE, we initially select 120 as the dividing line between low and high sprawl counties. By this definition, approximately 10% of the 448 metropolitan counties are low sprawl and 26% of the respondents in our sample (the mean of DENSE in Table 1 ) live in low sprawl counties. Our definition of low sprawl counties reflects the conventional wisdom that the large majority of U.S. metropolitan areas are characterized by sprawl.
However, given that a cut-off of 120 is somewhat arbitrary, we also consider alternative definitions of DENSE using 115 and 125 as the lower bound for low sprawl counties. With the 115 (125) cut-off, 14%
(8%) of the counties are low sprawl and 35% (23%) of the sample lives in a low sprawl county.
EMPIRICAL MODELS AND ESTIMATION PROCEDURES
We use data most comparable to that used by Ewing et al. (2003) . Thus, we begin by demonstrating that we obtain results similar to theirs. We specify our BMI equation as: Thus, we estimate (9) with N=4,700 observations rather than the 3,867 observations mentioned above.
We weight our data for sampling intensity using the sampling weight variable in the NLSY79. Finally, White's (1980) estimate of the covariance matrix is used to produce heteroskedastic-consistent standard errors for (9) and all linear equations estimated below.
The next model allows for the possibility that residential choice, and thus the sprawl index, is determined simultaneously with BMI. 12 The general specification of our model is: ε and 2i ε are error terms. One approach would be to enter ADJBMI i and SPRAWL i as continuous variables and estimate (10) with two-stage least squares. However, because the sprawl index uniquely identifies counties, the variables in 2i X would need to explain the choice of individuals to locate in particular counties. As demonstrated in the literature on the economics of migration (e.g., Hunt and Meuller, 2004) , such decisions depend on anticipated returns to an individual's skills in distinct labor markets, location-specific amenities, distances from origin to alternative destination counties, and so forth. Modeling county-level location decisions of individuals would be a substantial undertaking and is beyond the scope of this study.
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Rather than model particular location decisions, we assume that individuals make a higher-level choice of the type of county to reside in. We define two types of counties, those with low and high degrees of sprawl. We model the choice of county type, which is assumed to depend on individual attributes such as income, education, marital status, and so on. We do not explicitly model the lowerlevel choice of a particular county conditional on county type. 14 Using the notation in (10), our structural model is specified: ε and 2i ε have continuous and discrete distributions, respectively, complicating the estimation procedure. Because (11) is formulated in terms of the continuous latent variable, we can assume that 1i ε and 2i ε are independently and identically distributed (iid) bivariate normal random variables. Equation (11) can then be estimated using the simultaneous equation probit estimator discussed by Amemiya (1978) . 13 Even in a state-of-the-art national migration study like Hunt and Meuller (2004) , a higher-level of aggregation (states) is is used to categorize origins and destinations.
The exogenous variables in 1i X and 2i X measure individual characteristics that have direct effects on BMI and county type choice, respectively. 1i X contains many of the same variables as in (9): the race, sex, smoking, age, and education variables, and the regional dummies. These variables proxy for the many factors that can influence an individual's weight, including physical activities other than those dependent on location (e.g., gym membership). We also include the family income variable (INCOME) in 1i X . Income is determined in part by educational attainment, so the education variables measure additional effects on BMI beyond those transmitted through the income variable. 2i X includes the race, sex, age, education, and income variables. We hypothesize that blacks and hispanics are more likely to choose denser counties because these groups have traditionally resided in inner cities. We expect younger people to be choose denser counties with greater probability because of a desire to live in the metropolitan downtown. In contrast, females may be less likely to live in such areas because of concerns about crime. Highly educated people may choose dense, downtown areas because of interest in cultural amenities. The effects of income on residential choice are less clear. High income may explain the decision to live in vibrant metropolitan cores such as New York City, but also the decision to live in lower density suburbs if living space is a normal good. We include the marriage (DMARRIED) and children (DCHILD1, DCHILD2, DCHILD3) variables in 2i X . We expect married individuals with children to prefer less dense, suburban counties.
We estimate (11) using the two-stage procedure described by Maddala (1983, p. 244-5) . Solving (11) for the reduced-form equations and expressing them in vector notation, we have: 
First-stage estimation of (12) and (14) /σ β are then produced by applying least squares and probit maximum likelihood, respectively, to (15) and (16). Maddala (1983, p. 245) provides the covariance matrices for the two-stage estimates of ( 1 2 γ σ , / σ σ , which we estimate from the residuals of (12) and (14). The structural parameters are identified only in the case of 1 β . Amemiya (1978) discusses a method for estimating the structural parameters of the model from the estimates of the reduced-form coefficients. We use the Amemiya procedure to estimate 1 γ , the unidentified structural parameter in (15). The structural parameters in the probit equation β ) must be estimated with only four degrees of freedom, and this produces imprecise estimates.
Therefore, we report the estimates of ( 2 2 / γ σ , 2 2 /σ β ). As in standard probit estimation, the normalization on 2 σ is required to identify the model and affects only the interpretation of the parameters. Namely, the effects of the observed variables are interpreted relative to the standard deviation of the unobserved error term.
In all cases, we estimate the model in (15) and (16) with data on respondents for the year 2000.
To investigate dynamic processes that may affect the relationship between BMI and county type (see section 2), we estimate separate models with samples of movers and non-movers. Our basic model is produced using the 4-year definition of movers and the 120 lower bound for low sprawl counties. We also conduct sensitivity analysis by estimating models with alternative definitions of movers and alternative definitions of low and high sprawl counties.
RESULTS
Estimation of equation (9) The regional dummies are not significantly different from zero, indicating no significant differences relative to the omitted category (the South Central region).
The estimation results for the model in (15) and (16) are presented for movers (Table 3) and nonmovers (Table 4) using the 4-year definition to define movers. 15 The results support the prediction of our theoretical model that BMI is a factor in determining the type of county in which individuals locate. For movers and non-movers, BMIHAT has a negative and significant effect on the probability that an individual locates in a dense county. This result suggests that individuals with high BMI sort into sprawling counties. That BMI influences the location of non-movers suggests that these individuals effectively sort into county types by remaining in the same location. Further, we find that the latent variable ** y does not have a significant effect on BMI. Individuals with a higher probability of living in a dense county do not have systematically higher or lower BMI. The dependence of BMI on location is strongly rejected for movers (the t-statistic on ** y is -0.81). This supports our conjecture (see section 2) that individuals would need to live in the same place for a number of years before the effects of location on BMI are apparent. For non-movers, the t-statistic is -1.57. We reject the hypothesis of a non-zero effect at the 5% level, but would fail to reject the hypothesis at the 12% level. Thus, we find some weak evidence that location affects BMI for non-movers.
For movers and non-movers, we find that BMI is positively related to being male and older and negatively related to income and smoking (Tables 3 and 4) . For non-movers, the race and education variables are also significant determinants of BMI. Specifically, BMI is higher for blacks and hispanics and for individuals will lower educational attainment. Qualitatively, the results for non-movers are similar to those found for the single-equation BMI model (Table 2 ), the key difference being that the effect of location weakens once the endogeneity of the sprawl variable is accounted for. The results for the DENSE equations show that, for movers, age has a positive but diminishing effect on the decision to locate in a dense county. None of the other exogenous variables are significantly different from zero in the structural model for movers (the coefficient on the sex variable is positive and significant at the 10% level). The estimates of the reduced-form parameters (not reported) indicate that being married has a significant and negative effect on the probability of living in a dense county. 16 Among non-movers, low educational attainment increases the probability that individuals will reside in a dense county and having three or more children reduces the probability. The race variables for black and hispanic are positive and significant at the 10% level. In the reduced-form model for non-movers, the marriage variable is negative and signficantly different from zero.
We test the sensitivity of our results to assumptions about the definitions of movers and low sprawl counties (Table 5) reported for all combinations of mover and sprawl definitions ( Table 5 ). The results show that, for movers, a higher probability of living in a dense county has an insignificant effect on BMI ( ** y , the latent variable in the BMI equation, is not significantly different from zero in all cases). In most cases, the same result is found for non-movers. The latent variable ** y has a significant effect on BMI when the 2-year definition of movers is used, but an insignificant effect for all other definitions. For movers and nonmovers, the effects of BMIHAT on the location in a dense county are significantly different from zero in 23 out of 30 cases (26 out of 30 cases if a 10% confidence level is used). Overall, we find that the results do not change appreciably when we vary the definitions of movers and low sprawl counties.
CONCLUSIONS
In this study, we examine the link between urban sprawl and obesity. Previous studies in the urban planning and public health literature have found that residents of sprawling areas tend to have 16 The parameters in the structural model measure direct effects on the corresponding left-hand side endogenous variable. This effect feeds back through the system as the induced change in the endogenous variable influences the other endogenous variable, and so on. The total effect of an exogenous variable on an endogenous variable accounts for all such feedbacks between the endogenous variables, and is found by solving the structural model. Estimates of the reduced-form parameters in (12) and (14) are consistent estimates of the total effects of each exogenous variable.
higher BMI. In these studies, the attributes of an individual's residence are treated as an exogenous determinant of their weight. We consider the alternative possibility that BMI is a factor in determining the type of location chosen by an individual. A two-equation system with BMI and the latent variable determining the choice of a high or low sprawl county as endogenous variables is estimated. We find evidence that individuals with higher BMI tend to select locations with a high degree of sprawl. This result was found for movers and non-movers and was robust to alternative definitions of movers and low sprawl counties. In contrast, we find much weaker evidence that residence in a sprawling area results in higher BMI. In some cases, the latent variable determining location choice had a significant (or weakly significant) effect on BMI for non-movers; for movers, the effect was insignificant in all cases. Our interpretation of these results is that the association between sprawl and obesity reported in earlier studies is due largely to sorting rather than to impacts of the urban environment on physical activity and weight.
Our findings have important policy implications. The authors of earlier studies Frank, Andresen, and Schmid, 2004) , while stressing that the association between sprawl and obesity does not imply causality, use their results to argue that obesity and other health problems can be reduced through modifications of the urban environment. Service) have programs that use design approaches to promote physical activity. Our results suggest that such policies may have limited effects. We find that individuals with low BMI tend to locate in counties with less sprawl. This suggests that efforts to curb sprawl, and thereby make communities more exercisefriendly, may simply attract those individuals who are predisposed to physical activity.
Obesity and residential choice are complicated phenomena, and so more research is needed to identify the relationship between them. In the current study, we observe the county sprawl index at only one point in time, which restricts us to modeling obesity status and residential choice as contemporaneous outcomes. We attempt to shed light on the dynamic relationship between sprawl and obesity by separately considering movers and non-movers. However, more progress could be made if repeated observations of the sprawl index were available. For example, we could test whether changes in residential location (e.g., a move from a low to high sprawl county) result in different patterns of weight change. If not, we could attribute the association between sprawl and obesity to self-selection with greater confidence. The sprawl index used in this study is measured at the county level. While this is the best information available at this time, further investigation into sub-county variation in urban development patterns is warranted. Frank, Andreson, and Schmid (2004) use measures of urban form in the area surrounding each individual's residence. This approach seems preferable but would be difficult to implement on a national scale. 
